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Abstract: Early recognition of the risk of Alzheimer’s disease (AD) onset is a global challenge that
requires the development of reliable and affordable screening methods for wide-scale application.
Proteomic studies of blood plasma are of particular relevance; however, the currently proposed
differentiating markers are poorly consistent. The targeted quantitative multiple reaction monitoring
(MRM) assay of the reported candidate biomarkers (CBs) can contribute to the creation of a consistent
marker panel. An MRM-MS analysis of 149 nondepleted EDTA–plasma samples (MHRC, Russia)
of patients with AD (n = 47), mild cognitive impairment (MCI, n = 36), vascular dementia (n = 8),
frontotemporal dementia (n = 15), and an elderly control group (n = 43) was performed using the BAK
125 kit (MRM Proteomics Inc., Canada). Statistical analysis revealed a significant decrease in the levels
of afamin, apolipoprotein E, biotinidase, and serum paraoxonase/arylesterase 1 associated with AD.
Different training algorithms for machine learning were performed to identify the protein panels and
build corresponding classifiers for the AD prognosis. Machine learning revealed 31 proteins that
are important for AD differentiation and mostly include reported earlier CBs. The best-performing
classifiers reached 80% accuracy, 79.4% sensitivity and 83.6% specificity and were able to assess the
risk of developing AD over the next 3 years for patients with MCI. Overall, this study demonstrates
the high potential of the MRM approach combined with machine learning to confirm the significance
of previously identified CBs and to propose consistent protein marker panels.

Keywords: targeted proteomics; mass spectrometry; Alzheimer’s disease; multiple reaction monitoring;
machine learning

1. Introduction

Alzheimer’s disease (AD) is the most common socially significant neurodegenerative
pathology that relates to ~35 million aging people worldwide; additionally, the number of
patients is expected to rise and may exceed 115 million by 2050 [1,2]. Since the currently
used methods of AD therapy are lowly effective, the development of reliable early diagnos-
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tics methods is a global challenge for extensive research in order to reveal the increased
risk of AD onset before irreversible cognitive impairment occurs.

The current clinical diagnostic methods include the analysis of β-amyloid (Aβ) pep-
tides and tau/p-tau protein contents in cerebrospinal fluid (CSF), as well as a brain ex-
amination with magnetic resonance imaging (MRI) and positron emission tomography
(PET) [3–15]. Although a complex analysis of the results may actually reveal the increased
risk of AD onset within a few years [16–19], the high cost, insufficient accessibility and/or
invasiveness of these assays limit their first-line application [20], and there is still a great
need for the development of more affordable screening methods for wide-scale clinical ap-
plication, as well as approaches for the reliable differentiation of mild cognitive impairment
(MCI) cases that may progress to AD.

Blood plasma is a much more convenient subject for analysis than CSF. It is more acces-
sible for wide-scale screening and is of particular interest in the search for new biomarkers
of AD. The changed plasma levels of the Aβ1-42 and Aβ1-40 peptides are considered the
only protein plasma marker specific for AD, which is shown to have a good diagnostic accu-
racy [20–22]. An improved analytical sensitivity has made it possible to measure the blood
levels of other markers of AD, tau/p-tau proteins and neurofilament light (NfL) [23,24].
However, the current studies of protein markers in plasma go well beyond the biomarkers
reflecting the core components of AD pathology, and characteristic changes in the proteome
are of increasing interest. The number of potential plasma protein markers has already
exceeded 300, and ~70 of them have been reproduced in at least 2 independent research
cohorts [25,26]. The row of candidate biomarkers (CBs), described for at least three research
cohorts, currently includes 23 proteins: alpha-2-macroglobulin; apolipoproteins E, A-I
and A-IV; complement C3; alpha-1-antitrypsin; complement factors H and B; a pancreatic
prohormone; plasma protease C1 inhibitor; serum amyloid P-component; fibrinogen al-
pha and gamma chains (FGA and FGG); serum albumin; vitronectin; interleukins 3 and
10; complement C4-A; afamin; fibronectin; insulin-like growth factor-binding protein 2;
macrophage inflammatory protein-1-alpha and beta-2-glycoprotein 1 (APOH) [25,26].

Besides the early identification of prognostic markers in asymptomatic individu-
als, it is as important to be able to predict the possible progression of MCI cases to AD.
Several classifiers or differentiating panels were developed using antibody (Ab)-based
approaches, including enzyme-linked immunosorbent assays (ELISA) [27], multi-panel
immunoassays [28], antibody or protein microarrays [29,30] and bead-based immunoas-
says [31–33], as well as advanced approaches for the multiplex analysis of thousands of
proteins, such as aptamer-based proteomic technology (SomaScanTM) [34,35] and OlinkTM

proteomics [36,37]. Mass spectrometry (MS)-based proteomic approaches still remain more
unbiased than the most advanced immunoassays. Liquid chromatography coupled with
tandem MS (LC–MS/MS) and the use of isobaric or tandem mass tags for relative and
absolute quantification (iTRAQ and TMT) are currently the most popular approaches in
the untargeted search for potential AD biomarkers, which allows one to analyze thousands
of proteins in a single sample [38–46]. In general, despite the use of the most advanced
and highly sensitive Ab- and MS-based technologies, as well as a certain success in the
creation of several marker panels with good diagnostic characteristics [30,34,47–51], the
results of different studies vary greatly, even when using similar analytical approaches. In
particular, depletion of the major proteins applied in many MS studies [38–40,42–46] may
have an uncertain effect on the final result, since some potential markers such as fibrinogen
and albumin are mostly removed from consideration, at least partial co-depletion of the
other proteins is also hardly excludable and it may also vary depending on the depletion
methods used.

At the same time, the amount of accumulated data seems to be quite sufficient to be
used in further multiplex-targeted MS analyses to validate the most popular candidates
with the highest potential, improve the consistency of the results and create a consensual
differentiating panel. Multiple reaction monitoring (MRM) MS technology with internal
stable isotope-labeled standards (SIS) enables the rapid development of quantitative assays
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with high specificity, precision and robustness [52,53]. In addition, the application of
machine learning for data analysis offers a powerful approach not only to identify potential
AD biomarkers but also to generate classifiers for AD prediction and the prognosis of
dementia severity based on individual proteomic profiles [35,46,54,55].

In the current study, MRM-MS with internal SIS was used to quantify 125 proteins,
whose concentrations varied by six orders of magnitude, in 149 nondepleted plasma sam-
ples from patients of the Mental Health Research Center (MHRC, Moscow, Russia): 47—AD,
36—MCI, 8—vascular dementia (VD), 15—frontotemporal dementia (FTD) and 43—elderly
nondemented controls. The used SIS panel [56] mainly consisted of cardiovascular and on-
cological markers and was mainly selected for this study because it contains 75 previously
reported potential AD markers, including 17 of them mentioned above 23, which were
confirmed for at least three independent cohorts. Different training algorithms for machine
learning were tested to identify differentiating protein panels and build corresponding
classifiers for AD prognosis.

2. Results
2.1. Subject Demographics

The average demographic and clinical characteristics of the groups included in the
study are presented in Table 1. Based on the results of the long-term observation of patients,
the MCI group was additionally divided into two subgroups, non-converting or converting
to AD (MCI-nc and MCI-c, correspondingly). However, this division was rather arbitrary
due to unequal periods of observation ranging from 1 to 5 years. Presenile and senile AD
were subdivided in accordance with the age of AD onset (≤65 years of age or older—AD-ps
and AD-s, respectively). The subdivision into mild, moderate and severe AD was made in
accordance with the stage of dementia (Supplementary Table S1). In general, the groups
had similar ages and gender compositions. Only the AD group included individuals with
the homozygous e4/e4 APOE genotype (predominantly in the AD-ps subgroup), and in
general, the proportion of the e4 allele in this group was significantly higher than in the
control, MCI and FTD groups (Table 1).

Table 1. Subject demographics.

Control MCI (nc/c) AD (ps/s) VD FTD

N 39 32 (23/9) 37 (13/24) 6 11

Age (years) 67.6 ± 8.0 70.7 ± 7.4/76.1 ± 7.9 66.4 ± 4.6/78.4 ± 5.8 73.6 ± 7.8 64.4 ± 11.4

Sex (%, F) 69.2 70.6 (78.3/44.4) 54.1 (57.1/52.2) 66.7 63.6

APOE (%, e4+) 10.0 12.5/33.3 46.2/41.7 50.0 18.2
e2/e3 17.5 12.5/11.1 0/8.3 16.7 45.5
e3/e3 72.5 75/55.6 53.8/50.0 33.3 36.4
e2/e4 2.5 0/0 0/4.2 0 0
e3/e4 7.5 12.5/33.3 15.4/20.8 50.0 18.2
e4/e4 0 0/0 30.8/16.7 0 0

MMSE 29.5 ± 0.7 28.7 ± 1.5/25.9 ± 4 14.7 ± 6.6/17.6 ± 4.8 22.0 ± 3.7 16.9 ± 8.6

CDT 9.9 ± 0.29 9.5 ± 1.1/8.6 ± 1.6 4.7 ± 2.6/5.5 ± 2.7 8.3 ± 1.7 5.7 ± 3.9

BNT 53.3 ± 1.64 51 ± 3.4/45.7 ± 5.7 23.6 ± 16/26.5 ±
17.2 38.5 ± 7.2 18.7 ± 19.7

LMWT
NM 7.98 ± 1.14 7.7 ± 1.2/5.7 ± 1.9 2.3 ± 1.9/3.4 ± 2.2 5.3 ± 1.7 3.1 ± 2.8
DM 6.81 ± 1.71 6.4 ± 1.9/4.5 ± 2.7 0.26 ± 0.6/1.6 ± 2 3.1 ± 1.6 1.9 ± 3.0

MDRS
Sound associations 17.9 ± 3.4 15.4 ± 4/12.5 ± 5.6 6.1 ± 4.7/6.5 ± 4.6 12.3 ± 3.0 3.3 ± 4.1
Categorial associations 19.8 ± 1.7 17.1 ± 4.4/12.3 ± 5.3 7.6 ± 5.4/7.0 ± 5.2 12.8 ± 2.9 3.6 ± 4.1

Cardiovascular diseases
(%) 65.8 70.8/55.6 71.4/87.0 100.0 63.6

Diabetes mellitus (%) 0.0 12.5/11.1 7.1/13.0 33.3 9.1

Gastrointestinal
pathologies (%) 21.1 16.7/44.4 35.7/26.1 66.7 36.4

Genitourinary pathologies
(%) 15.8 25.0/55.5 13.3/39.1 50.0 9.1

Nicergoline usage (%) 0 13.8/18.2 10.5/7.1 0 26.7
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Table 1. Cont.

Control MCI (nc/c) AD (ps/s) VD FTD

Choline alfoscerate usage
(%) 0 65.5/63.6 15.8/28.6 0 0

Donepezil usage (%) 0 0/9.1 26.3/28.6 25 26.7

Memantine usage (%) 0 3.4/0 73.7/67.9 50 73.3

Rivastigmine usage (%) 0 0/0 26.3/21.4 0 0

Quetiapine usage (%) 0 0/0 10.5/17.9 0 33.3

Abbreviations: AD—Alzheimer’s disease (ps—pre-senile, s—senile); APOE—apolipoprotein E gene (genotype);
BNT—Boston naming test; CDT—clock drawing test; FTD—frontotemporal dementia; LMWT—Luria mem-
ory words test (NM—non-intermediate memorization, DM—delayed memorization); MCI—mild cognitive
impairment (nc—non-converter, c—converter); MDRS—Mattis dementia rating scale; MMSE—Mini Mental State
Examination; VD—vascular dementia. All average values are given ± SD.

Psychometric testing showed a greater deviation from the age norm for the MCI-c than
for the MCI-nc subgroup (Table 1, Figures 1 and S1). In particular, no significant difference
was revealed between the control and MCI-nc groups by the MMSE, LMWT and CRD tests;
while all tests reliably differentiated MCI-c from the controls, as well as AD from both
the control and MCI. In addition, the BNT, LMWT NM and MDRS categorial association
tests showed a significant difference between the two MCI subgroups. All tests reliably
distinguished at least two of the AD subgroups: mild, moderate or severe. At the same time,
no test showed a significant difference between the AD-pr and AD-s subgroups, although
the comparison of the obtained averages showed a slightly greater cognitive decline in
patients with AD-ps than in those with AD-s (Table 1). VD showed a significant difference
from AD and FTD on all tests except BNT (Figure 1), although LMWT NM, MDRS and
CRD tests did not distinguish VD from MCI. Only the MDRS tests reliably differentiated
five groups (without subdivisions) and even distinguished FTD from AD. Nevertheless,
the results of the subgroups (formed in accordance with the stage of dementia) clarified
that FTD significantly differed only from mild-AD in the BNT and MDRS tests (Figure 1),
and the mild AD scores, in turn, were very similar to the MCI-c and VD values. Overall,
the results of different tests demonstrate a high consistency and clear trends in terms of the
dementia severity.
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to the Mann–Whitney U test, are shown with the following symbols: * significantly different to the 
control group; ** to the control and MCI groups; *** to the control, MCI and AD groups; **** to the 
control and AD groups; ***** to the control, MCI, AD and VD groups; # to the control and MCI-nc; 
“F”—to FTD; “V”—to VD; “!”—significant differences between subgroups. 

2.2. Quantitative Analysis of Blood Plasma Proteins 
The analysis of the absolute concentrations of 125 proteins in samples from AD 

patients (47) and age-matched controls (43) revealed 97 proteins that were found in >70% 
of the samples (Supplementary Table S2). They included 72 previously identified potential 
AD markers, 17 of which were confirmed in ≥three independent cohorts. 

A total of 22 proteins were found to be statistically different between the control and 
AD groups at an uncorrected p-value of < 0.05, including six proteins with p ≤ 0.01 (Figure 
2). These proteins included 15 earlier proposed CBs of AD (Supplementary Table S2), 6 of 
which were reproduced in ≥three independent cohorts: afamin, APOE, APOA4, FGG, 
fibronectin and vitronectin. However, only afamin passed the 5% FDR cutoff, and 
biotinidase, APOE and PON1 passed the 10% cutoff after Benjamini–Hochberg multiple 
test correction. The estimation of Cohen’s d values suggests that these four proteins 
represent a higher than medium effect size, which is important for distinguishing the 
control group, while the level of C1QB appears to be the most important for distinguishing 
AD (Figure 3A). Nevertheless, these differences are not enough to serve as a basis for a 
reliable distinguishing method development; thus, all further 97 quantified proteins were 
considered as features for the analysis and building of a machine learning approach. 

Figure 1. The results of study participants using psychometric tests and scales: (A) Mini Mental State
Examination (MMSE), (B) Boston naming test (BNT), (C) Mattis dementia rating scale (MDRS) and
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categorical associations subtest. MCI—mild cognitive impairment (nc—non-converter, c—converter);
AD—Alzheimer’s disease (mild, moderate, and severe subgroups); VD—vascular dementia and
FTD—frontotemporal dementia. Lines inside the boxes show medians; box flanges—25–75 per-
centiles; whisker range ± SD. Significantly different results, with p-values < 0.01 according to the
Mann–Whitney U test, are shown with the following symbols: * significantly different to the control
group; ** to the control and MCI groups; *** to the control, MCI and AD groups; **** to the control
and AD groups; ***** to the control, MCI, AD and VD groups; # to the control and MCI-nc; “F”—to
FTD; “V”—to VD; “!”—significant differences between subgroups.

2.2. Quantitative Analysis of Blood Plasma Proteins

The analysis of the absolute concentrations of 125 proteins in samples from AD patients
(47) and age-matched controls (43) revealed 97 proteins that were found in >70% of the
samples (Supplementary Table S2). They included 72 previously identified potential AD
markers, 17 of which were confirmed in ≥three independent cohorts.

A total of 22 proteins were found to be statistically different between the control and
AD groups at an uncorrected p-value of < 0.05, including six proteins with p ≤ 0.01 (Figure 2).
These proteins included 15 earlier proposed CBs of AD (Supplementary Table S2), 6 of which
were reproduced in ≥three independent cohorts: afamin, APOE, APOA4, FGG, fibronectin
and vitronectin. However, only afamin passed the 5% FDR cutoff, and biotinidase, APOE
and PON1 passed the 10% cutoff after Benjamini–Hochberg multiple test correction. The
estimation of Cohen’s d values suggests that these four proteins represent a higher than
medium effect size, which is important for distinguishing the control group, while the level
of C1QB appears to be the most important for distinguishing AD (Figure 3A). Nevertheless,
these differences are not enough to serve as a basis for a reliable distinguishing method
development; thus, all further 97 quantified proteins were considered as features for the
analysis and building of a machine learning approach.
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p-values ≤ 0.01 according to the Mann–Whitney U test. Lines inside boxes—medians; box
flanges—25–75 percentiles; whisker range ± SD.
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Figure 3. The relative ratings of the quantified proteins (AD vs. control). (A) The ordering of
22 proteins with uncorrected p-values of <0.05 by the effect sizes (Cohen’s d). (B) The ordering by the
mean feature importance of the proteins included as classifiers in this study. The abbreviation for the
name of proteins along the Y axis is given in accordance with Table 2. The color saturation represents
the value of feature importance/p-value of the feature.

2.3. Building of a Binary Classifier (AD vs. Control)

Preliminary training of several algorithms, with the iterative addition of features
in the order of the increasing p-values, showed that Random Forest (RF) gives the high-
est ROC-AUC metrics in AD vs. the control binary classification for almost all feature
sets (Supplementary Figure S2). Therefore, RF and other tree-based ensemble methods,
AdaBoost, XGBoost and Bagging, were further considered for building a binary classifier.

Since features important for binary classification may also include proteins whose
levels do not differ between groups, the default RF algorithm was repeatedly trained
(n = 10,000) with random initial states on the whole set of proteins to determine the mean
feature importance. The resulting top list included 18 of the 22 proteins with low p-values
(Figure 3B), although the order of their location in the new list turned out to be different.
However, the four significantly different proteins were also at the very top in terms of
importance. Overall, this list included eight well-reproducible CBs: afamin, APOE, APOA4,
fibronectin, vitronectin, FGG, FGA and beta-2-glycoprotein (APOH), while the p-values of
the latter two were essentially higher than 0.05.

To generate a binary classifier, a grid search with the RF, AdaBoost, XGBoost and Bagging
algorithms was performed over a wide range of hyperparameters (Supplementary Table S3)
with a five-fold cross-validation and iterative addition of features in decreasing order of
their importance. The best ROC-AUC metrics were achieved with 31 proteins for the RF
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algorithm, 16 proteins for AdaBoost, 25 proteins for XGBoost and 28 proteins for Bagging
(Table 2 and Supplementary Figure S3). Nevertheless, in order to achieve the best perfor-
mance indicators, 4 classifiers based on 4 obtained panels were further considered for each
of the 4 algorithms resulting in 16 possible classifiers (RF-16, RF-25, RF-28, RF-31, AdaBoost-
16, etc.) (Supplementary Table S4). A general comparison of the obtained metrics showed
the best and close performances for classifiers AdaBoost-16 and RF-31: AUC—0.9257 and
0.9256; accuracy—0.8 and 0.789, sensitivity—79.4% and 74.4% and specificity—81.3% and
83.6%, correspondingly (Figure 4A and Supplementary Table S4). However, only RF clas-
sifiers turned out to be very close in performance for the four different sets of proteins
(Supplementary Table S4). The further application of RF-31 and Ada-Boost-16 classifiers for
analysis of the data of the AD and control groups resulted in the effective separation of
samples, although the range of scatter of the values for the AdaBoost-16 classifier turned out
to be somewhat narrower (Figure 4B).
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Table 2. Proteins selected in this study for the binary classification of AD vs. the controls.

Protein Name Abbr. UniProt ID Other
Cohorts p-Value Effect

Size
Relative
Import.

1 Afamin AFAM P43652 3 [26] 1.7 × 10−4 0.840 0.0318

2 Apolipoprotein E APOE P02649 2–5 [25,26] 3.1 × 10−3 0.601 0.0310

3 Serum paraoxonase/arylesterase 1 PON1 P27169 1 [25,26] 3.6 × 10−3 0.605 0.0257

4 Fibrinogen beta chain FGB P02675 1–2 [25,26] 0.0192 −0.339 0.0220

5 Biotinidase BTD P43251 1 [45] 2.7 × 10−3 0.714 0.0201

6 Pregnancy zone protein PZP P20742 1 [26] 0.0161 0.403 0.0192

7 Attractin ATRN O75882 1 [25,26] 0.0200 0.548 0.0191

8 Fibrinogen gamma chain FGG P02679 3–4 [25,26] 0.0263 −0.331 0.0191

9 Apolipoprotein A-IV APOA4 P06727 3 [26] 0.0134 0.548 0.0187

10 Vitronectin VTNC P04004 1–3 [25,26] 0.0128 0.395 0.0185

11 Cathelicidin antimicrobial peptide CAMP P49913 - 0.0176 0.473 0.0181

12 Complement C1q subcomponent subunit B C1QB P02746 - 6.7 × 10−3 −0.638 0.0180

13 Alpha-1-acid glycoprotein 1 A1AG1 P02763 1 [25] 0.0566 −0.447 0.0178

14 Lipopolysaccharide-binding protein LBP P18428 - 0.0577 0.332 0.0169

15 Fibronectin FINC P02751 1–3 [25,26] 0.0157 −0.308 0.0167

16 Complement C5 CO5 P01031 1 [25,26] 0.0679 −0.382 0.0165

17 Tenascin TENA P24821 1–3 [25,26,37] 0.0232 0.476 0.0152

18 Alpha-2-antiplasmin A2AP P08697 - 0.0102 0.557 0.0151

19 Fibrinogen alpha chain FGA P02671 2–3 [25,26] 0.103 −0.250 0.0150

20 Apolipoprotein C-II APOC2 P02655 1 [45] 0.0516 0.530 0.0149

21 Fibulin-1 FBLN1 P23142 - 0.433 0.292 0.0144

22 Adipocyte plasma membrane-associated protein APMAP Q9HDC0 - 0.127 −0.351 0.0143

23 Serotransferrin TRFE P02787 2 [25,26] 0.286 0.243 0.0141

24 Metalloproteinase inhibitor 2 TIMP2 P16035 - 0.175 0.386 0.0138

25 Alpha-1-antichymotrypsin AACT P01011 1 [25] 0.0883 −0.475 0.0128

26 Peroxiredoxin-2 PRDX2 P32119 1 [25] 0.199 −0.009 0.0126

27 Apolipoprotein C-IV APOC4 P55056 - 0.0274 0.396 0.0125

28 Vascular cell adhesion protein 1 VCAM1 P19320 3 [25,26,37] 0.0443 −0.323 0.0125

29 Plasminogen activator inhibitor 1 PAI1 P05121 1 [37] 0.0343 0.392 0.0123

30 Beta-2-glycoprotein 1 APOH P02749 2–3 [25,26] 1.0 0.007 0.0122

31 Cystatin-C CYTC P01034 1 [25] 0.217 −0.420 0.0113

Includes 1–16—proteins; Set-25—1–25 proteins; Set-28—1–28 proteins and Set-31—1–31 proteins.

In addition, a set of 17 CBs, all of which were earlier confirmed in ≥n independent
cohorts (including APOE, APOA1, APOA4, AFAM, A2MG, CO3, A1AT, CFAH, IC1, FGG,
FGA, ALBU, VTNC, IL10, CFAB, FINC and APOH), was also considered for classifier build-
ing using the same four algorithms, but this set allowed to achieve only 0.755–0.782 AUC,
61–70% sensitivity and 64.7–69.1% specificity (Supplementary Table S4).

An additional gene ontology (GO) analysis of these 31 proteins revealed that the
vast majority of them are involved in closely related and mutually regulated processes of
the negative regulation of blood coagulation and organization of the extracellular matrix
(APOH, PAI1, VTNC, APOE, FGB, FGA, FGG, A2AP, TIMP2, TENA, VCAM1, FBLN1 and
FINC), as well as in the regulation of the inflammatory response (LBP, CO5, A1AG1, ATRN,
CAMP, PRDX2, A2AP, FINC and AACT) (Supplementary Figure S4 and Table S5).

Although other studies suggest that the APOE genotype can improve the performance
of AD classifiers as an additional feature [43,44], no significant improvement was observed
in this study (Supplementary Table S4), which may be due to the fact that the APOE level
is already present in all of these classifiers as one of the two most important features
(Figure 3B). On the other hand, the 19-protein biomarker panel generated in a recent large-
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scale study of an Asian cohort also did not include APOE but was nevertheless able to
distinguish patients with AD irrespective of their APOE genotype [37].

2.4. The Differentiation of MCI Subgroups with the Developed Classifiers

The MCI group can be considered as a validation group, since it was not involved
in the development of the classifiers, and a 3-year outcome was known for most of the
patients. Application of the RF-31 classifier resulted in a good separation of 36 plasma
samples in accordance with the MCI subgroups (Figure 5A) and showed a high probability
of transition to AD within 3 years for 8 out of 10 patients from the MCI-c subgroup and
a low probability for 15 out of 18 patients from the MCI-nc subgroup. Very close results
can be achieved using the Ada-16 and RF-28 classifiers; however, the application of other
proposed classifiers also gives similar results (Supplementary Figure S5). At the same time,
the random distribution of samples from the VD and FTD groups (Figure 5B) emphasizes
the specificity of the proposed classifiers for estimating the probability of AD progression.
The set of 31 proteins seems to be the most balanced and allows achieving close results
when using different classifiers derived from using different algorithms. This set may
be a variant of the marker panel, consisting mainly of previously identified CBs, which,
however, require verification and can be further refined. This set may be a variant of the
marker panel mostly consisting of previously identified CBs, which nevertheless require
validation and can be further refined.
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2.5. Proteomic Differences between AD, FTD and VD Samples

The small number of FTD and VD samples was not sufficient to build specific classifiers
for these pathologies. Nevertheless, the results of the study point to some proteomic
differences between the AD, FTD and VD groups. In particular, the proteins that distinguish
FTD from AD include nine proteins that also differ between AD and the control: APOE,
PON1, C1QB, VTNC, APOA4, CAMP, TENA, APOC4 and FA10 (Figure 6). However,
AFAM, BTD, PAI1 and VCAM1 distinguished the control group from the FTD and AD
groups. The ADIPO, APOB, APOH, APOD, APOC1, CLUS, and GPX3 proteins should be
especially noted, because they distinguish FTD from both AD and the control. APOA1,
FETUA, A1AT, RET4, PLTP, FA12, IC1 and CAH1 can distinguish VD from both the AD and
control (Supplementary Table S6). Although the significance of the FTD and VD features
needs further confirmation, there is no doubt that the plasma proteomic profiles in FTD
and VD have their own characteristics, which actually may be important for distinguishing
neurodegenerative diseases with similar clinical manifestations.
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3. Discussion

This study is an attempt to elucidate proteomic changes in plasma samples that are as-
sociated with AD using an MRM approach combined with machine learning. A quantitative
analysis of multiple proteins in native nondepleted blood plasma is a definite advantage,
minimizing the quantitative errors. The presence of an essential number of reproducible
CBs of AD in the analytical set is particularly relevant. It is also very important that a
new cohort of participants was enrolled. Thus, the initial conditions allowed to at least
validate some of the potential markers on an independent cohort. Nevertheless, an in-depth
analysis of the data using multivariate statistics and machine learning made it possible
not only to confirm the high significance of a number of CBs but also to propose a clas-
sifier that, in addition to diagnosing AD, can be considered for predicting the risks of
impairment progression.

It seems very important that the obtained results confirm the significance of a number
of previously proposed CBs. Afamin, APOE, PON1 and biotinidase should be especially
noted, since the decrease in their levels in AD remained statistically significant after the
FDR adjustment, and the decrease in the level of afamin particularly coincided with the
results obtained in the other three independent cohorts (Supplementary Table S2) [26].
The increase in FGG also confirms the results obtained in the three other cohorts, while
a comparison of the outcomes for the other markers is not as straightforward due to
the inconsistencies in other studies or to the small number of cohorts where they were
previously identified. Of the eight new potential markers revealed in this study, C1QB,
A2AP, CAMP and APOC4 should be especially noted, as their p-values were <0.05. In
addition, changes in the plasma levels of TENA, PAI1 and VCAM1 have been recently
shown to be associated with AD in a large-scale Asian cohort using proximity extension
assay technology for the quantification of 1160 plasma proteins [37]. It is also noteworthy
that the upregulation of VCAM1 and downregulation of PAI observed in the current study
agree with other results reported in the literature [26,37], and the downregulation trend of
PAI1 was also shown for MCI [57,58].
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Overall, the large differentiating panel developed in this study consists of 31 pro-
teins, including 22 earlier identified CBs, while the short 16-protein panel includes 13 of
them (Table 2). Of eight highly reproducible CBs that fell into the differentiating panels
(Supplementary Table S2), FGA and beta-2-glycoprotein had no statistical differences be-
tween the groups and were selected only by their feature importance. Therefore, only
about half of the analyzed highly reproducible CBs confirmed their importance for AD
differentiation in this study. At the same time, neither statistical differences nor high feature
importance were found for such highly reproducible CBs as complement C3, alpha-1-
antitrypsin, complement factor H, plasma protease C1 inhibitor and for the most repro-
ducible, alpha-2-macroglobulin. Nevertheless, their significance in AD differentiation still
requires further confirmation. Additionally, it should be noted that the current study was
carried out using a standard plasma protein quantification kit, which, though it contains a
significant number of AD-related proteins, is not actually AD-specific and mainly consists
of cardiovascular, oncological and metabolic disorder markers—often age-related concomi-
tant diseases. Therefore, the development of a wider and more AD-oriented kit, which
would allow the quantification of other highly reproducible CBs not included in the current
one and, thus, not measured now (such as, for example, pancreatic prohormone, serum
amyloid P component, interleukin-3, Insulin-like growth factor-binding protein 2, etc.)
should be done in further studies and could significantly improve the results.

Since the number of samples in each of the two main groups (AD and controls) was
not large, significant attention was paid to the choice of training algorithms and machine
learning hyperparameters to identify differentiating panels and build corresponding clas-
sifiers. Tree-based ensemble methods proved to be the most suitable and efficient in this
situation. In total, the use of these methods led to the identification of 13 proteins important
for AD differentiation, which were not statistically different. Despite using the MCI group,
the high capability of the resulting classifiers was validated, and this suggested that they
may be used to assess the risk of developing AD over the next 3 years.

The number of samples in the current study was limited, and thus, a multicenter study
with significant cohort expansion, as well as a deeper characterization of participants for
specific Aβ/tau and MRI parameters, are needed for a fully meaningful comparison of
the data with that obtained on other cohorts. Nevertheless, the results of the current pilot
study revealed many similarities with previously published data.

In general, this pilot study confirms the high potential of targeted MRM-MS pro-
teomics combined with machine learning for the conformation and/or validation of well-
reproducible CBs. Therefore, this strategy seems to be appropriate for confirmation of the
specific markers of AD, as well as for creating a consensual marker panel.

4. Materials and Methods
4.1. Study Population

The study cohort comprised 123 elderly participants, including 39 cognitively healthy
volunteers (control group), and patients with MCI (n = 32), AD (n = 37), FD (n = 11) or
VD (n = 6) (Table 1). Participants were recruited in the Department of Geriatric Psychiatry
of the Mental Health Research Center (MHRC, Moscow, Russia) from July 2016 to May
2021; 15 participants were recruited twice, 4 three times and 1 four times during this period.
Written informed consent was obtained from all participants, and the study was approved
by the MHRC local ethical committee (clinical protocol No. 291, 18 July 2016).

All patients were interviewed and underwent MRI brain screening (Tables 1 and S1).
For APOE genotyping, the e2/e3/e4 alleles of the APOE gene were determined by real-time
PCR based on genotyping for the rs429358 and rs7412 markers, as described previously [59].
Clinical psychopathological, clinical catamnestic, psychometric and somato-neurological
methods were used when examining the participants. The following psychometric tests
and scales were used to dynamically assess the state of the mnestic-intellectual functions:
the Mini Mental State Examination (MMSE) [60], clock drawing test (CDT) [61], Boston
naming test (BNT) [62], Luria memory words test (LMWT) [63,64] and sound associations
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and categorical associations subtests from the Mattis Dementia Rating Scale (MDRS) [65].
The Clinical Dementia Rating (CDR) score [66] was used to confirm the diagnosis. Other
significant neurological diseases or psychiatric disorders were excluded.

Control subjects with MMSE scores or psychiatric disorders were excluded. The state
of the mnestic-intellectual functions: the Mini Mental State Examination (MMSE) and
AD-specific MRI changes (Table 1). AD and VD were diagnosed according to the criteria of
the ICD-10 (International Classification of Diseases, 10th revision) [67]. In all AD patients,
an MRI revealed characteristic pathological abnormalities, such as diffuse atrophy of the
cerebral cortex; an increase in the depth and width of the furrows, thinning of the convolu-
tions, expansion of the furrows and ventricles; a disproportionate decrease in the volume
of the medial parts of the temporal lobes and external and internal hydrocephalus. FTD
was diagnosed according to the diagnostic criteria of the 2011 international consortium [68].
The MCI group included patients diagnosed according to the criteria of the international
consensus of the syndrome [69]. A combination of the following operational criteria was
required for the diagnosis of MCI, regardless of its nosological affiliation: (1) patient com-
plaints of memory loss, confirmed by an informant and objectively detectable signs of mild
cognitive decline based on the test results; (2) the severity of the cognitive deficit should
correspond to the 3rd stage on the scale of general deterioration of cognitive functions
(Global Deterioration Scale, GDS) [70] and a score of 0.5 on the CDR scale; (3) a diagnosis
of dementia cannot be made and (4) the patient’s daily activities should remain intact,
although slight deteriorations in the most difficult daily and/or professional activities
is possible.

Other age-related disorders (including cardiovascular diseases, diabetes mellitus,
gastrointestinal and genitourinary pathologies and others) were the same for all studied
groups (Supplementary Table S1).

4.2. Plasma Samples Collection and Preparation for MS

Venous blood was collected using vacuum tubes with K+2-EDTA and centrifuged at
4000× g for 10 min at room temperature 1 h after collection. The obtained plasma was
aliquoted and stored at −80 ◦C.

The study was performed with nondepleted plasma samples using the MRM Pro-
teomics Inc. PeptiQuantTM 125-protein human plasma MRM assay kit, including two
synthetic peptide mixtures: one containing unlabeled 125 matching (natural abundance)
“light” peptides, which were used to prepare the calibration curves, and the second con-
taining 125 isotope-labeled standard (SIS) “heavy” peptides, which were spiked into each
sample and served as internal standards for normalization [56]. Sample preparation was
carried out according to the manufacturer’s protocol using 10 µL of a plasma sample.
Before trypsinolysis, the samples were denaturated and reduced by incubation with 6 M
urea, 13 mM dithiothreitol and 200 mM Tris × HCl (pH 8.0, +37 ◦C, 30 min). Next, the
proteins were alkylated by a 30-min incubation in the dark with 40 mM iodoacetamide. For
trypsinolysis, the samples were diluted with 100 mM Tris × HCl (pH 8.0) until <1 M urea;
L-(tosylamido-2-phenyl) ethyl chloromethyl ketone (TPCK)-treated trypsin (Worthington)
was added at a 20:1 (protein:enzyme, w/w) ratio; and the samples were incubated for 18 h
at 37 ◦C. The reaction was quenched by acidifying the samples with formic acid (FA) to a
final concentration of 1.0% (pH ≤ 2). The concentration of peptides in the resulting mixture
was ~1 mg/mL [53]. After spiking with SIS peptides, the samples were cleaned up by
solid-phase extraction (SPE) and lyophilized to dryness. Prior to the LC-MS/MS analysis,
the samples were reconstituted in 34 µL of 0.1% FA.

4.3. LC-MS/MS Analysis and MS Data Processing

All samples were analyzed in duplicate by HPLC-MS using an ExionLC™ (UHPLC
system (Thermo Fisher Scientific, Waltham, MA, USA) coupled online to a SCIEX QTRAP
6500+ triple quadrupole mass spectrometer (SCIEX, Toronto, ON, Canada). The LC-MS
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parameters, such as the LC gradient and MRM parameters (Q1 and MRM scans), were
adapted and optimized based on the previous studies done with the BAK125 kit [71,72].

The loaded sample volume was 10 µL per injection. HPLC separation was carried
out using an Acquity UPLC Peptide BEH column (C18, 300 Å, 1.7 µm, 2.1 mm × 150 mm,
1/pkg) (Waters, Milford, MA, USA) with a gradient elution. Mobile phase A was 0.1%
FA in water; mobile phase B was 0.1% FA in acetonitrile. LC separation was performed
at a flow rate of 0.4 mL/min using a 53-min gradient from 2 to 45% of mobile phase B.
Mass spectrometric measurements were carried out using the MRM acquisition method.
The electrospray ionization (ESI) source settings were as follows: ion spray voltage 4000 V,
temperature 450 ◦C and ion source gas 40 L/min. The corresponding transition list for
the MRM experiments with retention times values and Q1/Q3 masses for each peptide is
available in Supplementary Table S7.

For a quantitative analysis of the LC-MS/MS raw data, Skyline Quantitative Analysis
software (version 20.2.0.343, University of Washington) was used [73,74]. To calculate the
peptide concentrations in the measured samples (fmol per 1 µL of plasma), calibration
curves were generated using 1/(x2)-weighted linear regression methods.

4.4. Statistical Analysis

The statistical analysis and data visualization were performed by Python (3.7.3) with
the following packages: SciPy [75], Seaborn [76], Matplotlib [77] and Pandas [78]. The
proteins identified in less than 70% of samples of any group or with intensities outside
the lower or upper limits of quantitation were excluded from consideration, reducing
the dataset from 125 to 97 features (Supplementary Table S2). As the missing values
often represented low abundance measurements, and the ‘Nan’ values were filled with
Gaussian distribution using Perseus software [79] with the parameters of shift down = 0.4,
width = 0.2 of the mean value for each group.

Significant differences in the protein concentrations in different groups were estimated
using the Mann–Whitney U test. The false discovery rate (FDR) control Benjamini–Hochberg
procedure was used to prevent a false rejection of the hypotheses (type I error). Pearson’s
coefficient was used to evaluate the correlations between features.

More details for statistical analysis and data preparation could be found as the supple-
mentary file (see Supplementary File Methods).

4.5. Machine Learning for Diagnosis Classification

All machine learning models were taken from the Scikit-Learn package [80] and
XGBoost Python Package [81], as it is a very widely used, user-friendly and efficient tool for
data processing and machine learning methods. Five classifying algorithms with default
hyperparameters have been considered for AD vs. Control binary classification: Decision
Tree (DT), k-Nearest Neighbors (kNN), Logistic Regression (LR), Random Forest (RF) and
Support Vector Machines (SVM). The protein intensities were Z-scored, and all highly
correlated features (Pearson’s r > 0.8) were removed for classifiers that perform poorly on
correlated and unscaled data (Logistic Regression, SVM and NN). k-Fold cross-validation
(k = 5) was performed to determine the best algorithms; features were added iteratively
in the order of increasing p-values; the performance of a model was evaluated using the
ROC-AUC metrics. A hot encoding method was used to add a categorical APOE genotype
feature to the classifiers.

A detailed description with step-by-step instructions could be found as a supplemen-
tary file (see Supplementary File Methods).

5. Conclusions

The absolute quantification of 125 plasma proteins using an MRM-MS approach
revealed the significant decrease in the levels of afamin, apolipoprotein E, serum paraox-
onase/arylesterase 1 and biotinidase in samples of patients with AD. Using machine
learning, a set of 31 important for AD differentiation proteins, which includes 22 previously
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reported candidate biomarkers, 8 of which were reproduced in ≥3 independent research co-
horts (afamin, APOE, APOA4, vitronectin, fibronectin, FGG, FGA and beta-2-glycoprotein
1), was generated. The developed classifiers demonstrated good performance in AD vs. the
control binary classification with 80% accuracy, 79.4% sensitivity, 83.6% specificity and area
under the receiver operating characteristic curve (AUC-ROC) = 0.926. Effective differentia-
tion of the MCI subgroups confirmed the high performance of the classifiers. The identified
list of important proteins can be considered as the basis for the further development of a
consistent protein panel for the early prognosis of AD.

Overall, this study demonstrates the high potential of the MRM approach combined
with machine learning to confirm the significance of previously identified CBs and to
identify new potential markers.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijms23147907/s1.
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